INTRODUCTION
The effects of ionizing radiation to human health are of great concern in the field of space exploration as well as to patients who are receiving radiotherapy. High-dose ionizing radiation carries enough energy to induce obvious physical symptoms, appearing as acute radiation syndrome, which include nausea, vomiting and fatigue, among others. These symptoms are believed to be the consequences of gene expression dysfunction after exposure (1) . The radiation source, dosage and time after exposure are all contributing factors to the symptoms of acute radiation syndrome (2) . Clinically, these symptoms are associated with a dramatic decrease in white blood cell counts (3) . However, the underlying biological pathways, in particular the metabolic pathways, which are altered by high-dose radiation associated with different internal organs have not yet been clearly elucidated.
Metabolites are small molecules produced by various cellular regulatory processes with molecular weight less than 1,000 Da. Metabolites are the end products or intermediates in metabolic pathways that are directly regulated by enzymes, while enzymes are linked to genes. Thus, changes of metabolic profiles can provide information about the potentially affected biological pathways (4) . Metabolomics is a method capable of detecting metabolic responses of a living system during and after exposure to external stimuli (5) . Liquid-state nuclear magnetic resonance (NMR) is a nondestructive and unbiased analytical approach capable of detecting and quantifying metabolites in the biological tissues extracts. Since almost all metabolites contain hydrogen, which has natural abundance of 99.985% and possesses high-gyromagnetic ratio that results in high sensitivity, 1 H NMR spectroscopy has become one of the most frequently used techniques in metabolomics (6) .
Pattern recognition methods are an integral part of metabolomics (5, 7) . The metabolomics data are analyzed with the aid of multivariate data analysis methods, such as principal component analysis (PCA) (8) and orthogonal projection to latent structure (OPLS) (9) . Principal component analysis is an unsupervised pattern recognition method for class separation and for identifying the outliers, where the metadata are simplified and the most information is retained by reconstituting a new coordinate system formed with the orthogonal latent variables (10, 11) . As a supervised statistical method, the orthogonal projection to latent structures analysis (OPLS) (12) has received increasing attention, owing to its superior capability of classification, interpretation and prediction (13) . Based on the OPLS model, a powerful visualization tool, S-plot, has been proposed for interpreting the multivariate statistical model, enabling direct identification and extraction of the statistically significant discriminatory metabolites and potential biomarkers (14) . The positive loadings indicate upregulated metabolites and negative loadings indicate downregulated metabolites.
The liver is an important organ that plays a critical role in metabolism with multiple functions in the human body, including regulation of glycogen storage, decomposition of red blood cells, synthesis of plasma protein and detoxification of toxins (15) . In this study, 1 H NMR-based metabolomics were used for metabolic profiling of hydrophilic tissue extracts from the excised livers of both control mice and whole-body irradiated mice (3.0 or 7.8 Gy gamma; or 3.0 Gy proton) at days 4 and 11 postirradiation. The spectral deconvolution technique was used to identify and quantify all metabolites from NMR spectra. Multivariate analyses (PCA and OPLS) were performed for pattern recognition and identification of metabolites in which concentrations were statistically significantly changed as a result of radiation exposure. Based on these findings, the metabolic pathways and networks that are influenced by radiation are discussed.
MATERIALS AND METHODS

Animal and Sample Preparation
A total of 27 female C57BL/6 seven-week-old mice were purchased from Jackson Laboratory (Bar Harbor, ME). Before the beginning of the one week acclimation time period at the animal facility of Pacific Northwest National Laboratory (PNNL) or Brookhaven National Laboratory (BNL), the animals were randomly divided into six groups and then were exposed to whole-body gamma or proton irradiation. The gamma and proton radiation energy at the position of the mice was measured beforehand based on the National Institute of Standards and Technology (NIST; Gaithersburg, MD). The individually housed animals were fed a standard diet and maintained in a controlled environment facility with an ambient temperature of 22-258C and 45% relative humidity on a 12:12 h light:dark schedule.
Mice were exposed to whole-body gamma irradiation at the High Exposure Facility of PNNL, using a high-activity source (1,250 keV 60 Co) with linear energy transfer (LET) associated with these fields in the range of 0.2-2 keV/lm. The mice were isolated in the corner of their polymer cages and placed a minimum of 100 cm from the collimated 6.000 Ci (222 TBq) 60 Co source, and then exposed to the proposed doses, respectively. After irradiation, the isolation barrier was removed and mice were transferred to the PNNL Animal Facility. All animal work was approved by the Institutional Animal Care and Use Committee (IACUC) at PNNL. The absorbed dose rate at a depth of approximately 600 mg/cm 2 was 0.83 Gy/min relative to tissue for both gamma and proton irradiation.
Mice received whole-body proton irradiation at the NASA Space Radiation Laboratory/Brookhaven National Laboratory (NSRL/BNL) Heavy Ion Facility. The irradiation protocol (16) previously used at NSRL/BNL was closely followed for performing the high-LET proton irradiations. Mice were placed in aerated polystyrene boxes immediately before the entrance region of the container was exposed to protons at the BNL Alternating Gradient Synchrotron (AGS) (1, 055 MeV/nucleon at the target, with track-averaged LET ¼ 148.2 keV/lm at target). All procedures for the control mice were identical to those of exposed animals, except that they were not irradiated. All animal work was approved by the Institutional Animal Care and Use Committee (IACUC) at BNL.
The reasons for selecting these radiation doses (3.0 and 7.8 Gy) are explained below. Metabolomics have been successfully utilized for assessing potential biomarkers in urine (17) , plasma (18) and serum (19) of mice exposed to 3.0 Gy of gamma radiation; and interesting results have been achieved. The lethal dose for mice is approximately 7.8 Gy (20) , and in the case of an atomic bomb attack the survivors may be exposed to radiation that meets or exceeds the lethal dose. It has been reported that 24 h after high-dose (3.0 and 8.0 Gy) gamma irradiation, metabolites in mouse urine underwent a change (17) . However, 3 days after lethal-dose gamma irradiation, metabolite levels in urine samples of nonhuman primates had some outliers compared to controls, indicating significant biological variations (21) . Furthermore, mouse tissues were able to recover at day 11 after 2.0 Gy gamma irradiation (22) . The goal of this study was to investigate changes in metabolites of liver tissue at time points close to days 3 and 11 postirradiation; ultimately, days 4 and 11 postirradiation were selected Six groups of animals were exposed to gamma radiation (n ¼ 27; Supplementary Table S1 ; http://dx.doi.org/10.1667/RR14602.1.S1) [0 Gy (n ¼ 4), 3.0 Gy (n ¼ 10; 2 groups) and 7.8 Gy (n ¼ 4)] or proton radiation [0 Gy (n ¼ 4) or 3.0 Gy (n ¼ 5)], respectively. At day 4 postirradiation, some of the mice exposed to gamma radiation [0 Gy (control, n ¼ 4), 3.0 Gy (n ¼ 5) and 7.8 Gy (n ¼ 4)] were sacrificed with 70/30 CO 2 /O 2 , and the liver from each mouse was immediately removed, snap-frozen in liquid nitrogen, then weighed and stored at À808C freezer until subsequent NMR analysis. At day 11 postirradiation, the remaining mice exposed to gamma radiation [3.0 Gy (n ¼ 5)], and all mice exposed to proton radiation [0 Gy (control, n ¼ 4), 3.0 Gy (n ¼ 5)] were sacrificed with 70/30 CO 2 /O 2 ; liver samples were collected using the same protocol as described above. Only small sample sizes were necessary for this study, since the high-dose radiation used here dramatically impacts metabolic changes (23) . The changes induced by high-dose radiation are much more substantial than the biological variations; thus, a sample size of 4-5 animals was sufficient. In fact, the results of this study fully justify the use of such sample size; our finding that the exposed groups were well separated from the control group, is statistically based on 1 H NMR metabolic profiling results. It is also worth noting that small sample sizes (n ¼ 3-5) have been previously used in mouse models to study neurodevelopmental disorders by metabolomics, where reliable biomarkers related to the neurodevelopmental disorders have been successfully obtained (24, 25) .
Polar metabolites were extracted from liver tissues using a modified Folch method, according to published protocol (26) . Briefly, after randomization of the samples, every pre-weighed intact frozen liver tissue was homogenized by a Tissue-Tearor (BioSpec Products Inc., Bartlesville, OK) in an ice-cold glass vial after adding 4 ml MeOH and 0.85 ml deionized H 2 O per g of liver tissue, followed by vortexing the mixture, adding 2 ml chloroform per g of tissue, then vortexing again. This process took 6 min and was performed exactly the same for each sample. For the next step, 2 ml each of chloroform and deionized H 2 O per g of tissue were added to the mixture, which was then vortexed again, followed by transferring of the different layers to glass vials separately with syringes, after the mixture (in ice bath) was centrifuged. Finally, the solvents of hydrophilic metabolites were removed using a lyophilizer and then stored in a -808C freezer before NMR spectral measurements were performed.
NMR Spectroscopy
All NMR spectra were acquired at 293 K on a Varian 800 MHz NMR spectrometer (operating at 799. 42 H NMR spectra were acquired from each sample using the standard Varian PRESAT pulse sequence with a single excitation and 1.5 s low-power presaturation at the water peak position to suppress the residual water signal. A total of 6 k transients were accumulated to ensure a high quality 1 H spectrum was obtained with sufficient signal-to-noise ratio for metabolites with concentration as low as approximately 0.5 lM in the NMR tube. For metabolite signal assignment and confirmation purposes, two-dimensional (2D) NMR spectra, including 1 H-1 H correlation spectroscopy (COSY) and 1 H J-resolved spectroscopy (JRES), were acquired at 293 K for selected samples.
NMR Data Processing and Multivariate Data Analysis
All free induction decays (FIDs) were multiplied by an exponential function with a Lorentz line broadening factor of 0.5 Hz and zerofilled to 128 k data points prior to Fourier transformation. All NMR spectra were manually corrected for phase and baseline distortions using the NMR Processor module (NMR suite 8.1, Professional; Chenomx, Edmonton, Canada). Chemical shift was referenced to the peak of methyl proton of DSS at 0 ppm.
The multivariate data can be generated by spectral binning and spectral deconvolution. Although spectral binning is very efficient for large-scale object matrix and can be easily automated (27) , it is difficult to generate high-quality multivariate data due to the influences of residual water peak, rolling baseline and peak shift. Another disadvantage of spectral binning data is that a significant number of variables cannot be assigned to specific metabolites due to overlapping spectral peaks (28) . In contrast, the technique of spectral deconvolution is capable of identifying and assigning the chemical identities of all metabolites with concentrations higher than the detection limits, including cases of severely overlapping peaks (29) . Thus, spectral deconvolution can be used to quantitatively analyze the complex metabolic profiles (30) . For these reasons, spectral deconvolution was performed to generate the multivariate data sets, using the NMR Profiler module (NMR suite 8.1, Professional; Chenomx), which contains a database of more than 330 common metabolites associated with mammals and bacteria. The concentration of each metabolite in the NMR tube was calculated by the wellestablished method in Chenomx with DSS as internal concentration standard. The absolute concentration of each metabolite was obtained by normalizing the corresponding metabolite concentration obtained from 1 H NMR measurements to unit weight (mg) of liver tissue before extraction (31) .
The normalized metadata sets were imported into SIMCA version 13.0.3 (Umetrics, Malmo, Sweden), followed by PCA and OPLS. Considering every variable has equal importance to the statistical results, prior to PCA the data were mean centered and unit-variance scaled (32) . Both PCA and OPLS models were constructed using the nonlinear iterative partial least squares (NIPALS) algorithm (33) and the number of components was determined by the standard sevenfold cross-validation method (32) . The quality of multivariate analysis models was evaluated with R 2 values, indicating the explained variations, and Q 2 values, representing the model predictabilities, respectively. Finally, the OPLS model significance was further assessed for the robustness with the CV-ANOVA approach (34) to ensure the statistical significance of the intergroup differentiations, with significance at P , 0.05.
For interpreting the multivariate classification models from OPLS, the S-plot was used, enabling direct inspection and extraction of statistically significant and potentially biochemically important metabolites. The cutoff value 0.811 or 0.878 (i.e., the critical values for Pearson correlation coefficient) was chosen for the current study based on the number of samples in each group (n ¼ 4 or 5) and the discrimination significance of P , 0.05, which plays a critical role in extracting and identifying the statistically significant biomarkers (35) . Supplementary Fig. S1 . A total of 72 metabolites were identified, including a variety of amino acids, carbohydrates, glycolysis products, TCA cycle intermediates, choline metabolites, ethanolamine metabolites and organic bases. The detailed peak assignments are listed in Table 1 and the average concentrations are listed in Supplementary  Table S2 .
RESULTS AND DISCUSSION
NMR Spectra of Liver Tissue Extracts
Statistical Results Based on Spectral Deconvolution
Spectral deconvolution was performed to obtain the concentration of each metabolite in the NMR spectrum and then normalized to unit tissue weight to obtain the estimated absolute metabolite concentration in liver tissue. The absolute concentrations of metabolites then constitute the X-matrix (each row represents a sample and each column represents a metabolite). For example, the average concentrations in tissues and the associated standard deviation for the control group and the 7.8 Gy exposed group are summarized in Table 1 . The absolute concentration data were then used for multivariate data analysis. The PCA score plot indicates that the six groups (2 control groups and 4 exposed groups) were clearly separate from each other without any outliers (Fig.  2) . Therefore, all the 27 samples were kept for further OPLS modeling. To maximize the correlation between the X-and Y-matrix (the class information) as well as the variation in X-matrix, OPLS was performed to evaluate variable importance and identify significant variables responsible for separating treatment groups. The statistical parameters, R 2 and Q 2 , show good quality of the generated OPLS models, and P values from CV-ANOVA further confirm the validity of these models ( Table 2 ).
The statistical results of all metabolites obtained from Splot are summarized in Supplementary Tables S3 and S4 (http://dx.doi.org/10.1667/RR14602.1.S1). As shown in Supplementary Tables S3 and S4 , the statistically significant metabolites that are responsible for separating the exposed groups from the control groups depend on radiation dose, time after exposure and radiation source. For example, the P value is 0.11 (.0.05) at day 4 after 3.0 Gy gamma irradiation among the control and exposed groups, indicating these two groups have no significant statistical difference, using all the metabolites observed. In contrast, the P value is 0.03 (,0.05) at day 4 after 7.8 Gy gamma irradiation among the control and exposed groups, indicating that the two groups are statistically significantly separate. This result further indicates that the effect of a higher dose appears earlier or sooner after exposure. The difference between the two treatment groups is due to the dose of gamma radiation ( Table 3) . As shown in Table 3 , compared to the control group, there are some differences at day 4 postirradiation in the 3.0 and 7.8 Gy gamma-exposed groups; at these doses, radiation induced upregulation of 7 and 12 metabolites, respectively, and downregulation of 5 and 6 metabolites, respectively. Nine metabolites/biomarkers were identified as common to both exposure groups. As the gamma-radiation dose was increased from 3.0 to 7.8 Gy, some of these biomarkers changed significantly. Relative to the 3.0 Gy exposed group, the further upregulated metabolites in the 7.8 Gy exposed group are alanine, histidine, ATP and allantoin, while the further downregulated metabolites are sn-Glycero-3-phosphocholine, 2-oxobutyrate, 3-hydroxybutyrate and carnitine (Table 3) . Thus, the higher dose of gamma radiation (7.8 Gy) has more potent effects in liver metabolism disturbance, and these 8 metabolites showed a more remarkable dose-response effect. It was also found that b-alanine, NADPH and oxypurinol concentrations were significantly changed in the 3.0 Gy exposed group, while insignificant in the 7.8 Gy exposed group. Although the P value (P ¼ 0.11) at day 4 postirradiation in the 3.0 Gy exposed and control groups is insignificant, using all 72 metabolites observed, the P value at day 11 postirradiation in the 3.0 Gy exposed and control groups is 0.0026 (,0.05), which means that the two groups are statistically significantly separated. The differences in liver tissue extracts at days 4 and 11 postirradiation in the 3.0 Gy gamma-exposed groups reveals an apparent latent period for the sequelae of gamma radiation, when mouse liver dysfunction, in terms of all the NMR observable metabolic changes, is not observable (Table 4) . Some metabolites were insignificant at day 4 postirradiation but became significant at day 11 postirradiation, while others, such as NADPH, trimethylamine, O-phosphoethanolamine and oxypurinol, were recovered at day 11 after 3.0 Gy gamma exposure. H NMR metabolite spectrum of the hydrophilic extracts of liver excised from a 3.0 Gy gamma-exposed mouse. In the plot, the spectral region between 5.5 and 9.5 ppm is vertically expanded by 10 times while the 0.5-5.5 ppm spectral region is vertically expanded by one time. *Unassigned peak. A total of 72 metabolites have been identified and metabolite numbers are listed in Table 1 . 
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Based on the PCA score plot, a clear separation was achieved during the 11 days postirradiation for both 3.0 Gy gamma-and proton-exposed groups (Fig. 2) . A set of discriminatory metabolites for separating the two treated groups were identified with the corresponding correlation coefficients obtained from S-Plot analysis, and results were tabulated (Table 5) . A total of 25 discriminatory metabolites were found, and six of these (glutathione, choline, Ophosphocholine, glucose-6-phosphate, betaine and 4-hydroxyphenylacetate) were the same as those discriminatory metabolites that separate the exposed groups (both gamma and proton) and the control group at day 4 postirradiation. These results indicate that using different radiation sources, metabolic changes vary after exposure. Despite these source-dependent differences, both gamma and proton radiation change the metabolic profiles in mice livers. More discriminatory metabolites are apparent with proton radiation (e.g., isobutyrate, 3-hydroxybutyrate, lactate, 1,3-diaminopropane, NADPH, trimethylamine and sn-Glycero-3-phosphocholine), which are not present in gammaexposed group. This finding indicates that at the same dose, proton radiation is more potent than gamma radiation. The same conclusion can be drawn from the fold changes, as is shown in Fig. 3 .
Based on all the valid OPLS models (P , 0.05), the statistically significant metabolites in the liver extracts that contributed to the separation of the treatment groups from the control groups were extracted from S-plots and tabulated ( Table 6 ). As shown in Table 6 and Supplementary Table S2 (http://dx.doi.org/10.1667/RR14602.1.S1), compared to the control group, the upregulated metabolites in the exposed groups were glutamine, glutathione, malate, creatinine, phosphate, betaine and 4-hydroxyphenylacetate, and the downregulated metabolites were choline, O-phosphocholine and trimethylamine N-oxide. Figure 3 shows the bar graph highlighting the changes of the estimated absolute concentrations of these statistically significant metabolites, including seven upregulated metabolite markers and three downregu- 
a Day 4 after 7.8 Gy gamma irradiation.
lated metabolite markers. Statistical significance among the control and exposed groups was calculated with Welch's t test. (Supplementary Table S5 ) All of these metabolites can be considered as latent and potential biomarkers of exposure to either gamma or proton radiation in liver tissue. Although the exposed and control groups were not statistically separated at day 4 after 3.0 Gy gamma irradiation (based on all 72 metabolites identified from the NMR spectra), when the noise data were discarded by removing seven variables with loading absolute value ,0.027 in PCA loading plot ( Supplementary Fig. S2 ) before the second multivariate data analysis (i.e. PCA and OPLS), improved separations were obtained. The PCA score plot ( Supplementary Fig. S3 ) shows that six groups are clearly separated from each other and without any outliers, and the statistical parameters ( Supplementary Table S6) indicate that excellent quality models are achieved using only 65 (seven metabolites removed) metabolites. OPLS modeling now shows that these two groups are statistically significantly separated with P ¼ 0.0124 (Table 2) . Based on the analysis using either all of the 72 metabolites or 65 metabolites, at the relatively early period (4 days) after 3.0 Gy gamma irradiation, the correlation coefficients from the S-plot showed statistically significant changes in several metabolites as prediagnostic biomarkers in mouse liver. The upregulated metabolites were glutamine, betaine and 4-hydroxyphenylacetate, and the downregulated metabolites were choline and trimethylamine N-oxide. 
Glucose-6-phosphate -
It is apparent that a higher dose of gamma radiation (7.8 Gy) has more potent effects in liver metabolism. Also, a metabolite is listed if it had statistical significance in at least one treatment group. 4D3GyG ¼ day 4 postirradiation in 3.0 Gy gamma-exposed and control groups; 4D7GyG ¼ day 4 postirradiation in 7.8 Gy gammaexposed and control groups; 4D37G ¼ day 4 postirradiation in 3.0 Gy compared to 7.8 Gy gamma-exposed groups. 
Molecule Pathway Discussion
The major results from the combined 1 H NMR metabolic profiling and multivariate date analysis of liver tissue extracts are summarized in this article. The four exposed groups were well separated from the control group based on metabolites obtained from the hydrophilic extracts. A suit of discriminatory metabolites that play a critical role in separating the exposed groups have been identified. We found that the concentrations of glutamine, glutathione, malate, creatinine, phosphate, betaine and 4-hydroxyphenylacetate were statistically significantly increased, while the concentrations of choline, O-phosphocholine and trimethylamine N-oxide were significantly decreased according to all of the valid OPLS models across all high-dose exposed groups. 
Notes. At day 11 days postirradiation, it is clear that 3.0 Gy gamma and proton irradiation induce different metabolic changes in mouse liver. Gamma irradiation induced upregulation of 24 metabolites and downregulation of 6 metabolites, while proton irradiation induced upregulation of 19 metabolites and downregulation of 10 metabolites. In both 3.0 Gy gamma and proton exposed groups, 22 biomarkers were commonly identified at day 11 postirradiation. A metabolite is listed if it had statistical significance in at least one treatment group. 11D3GyG ¼ day 11 postirradiation in 3.0 Gy gamma-exposed and control groups; 11D3GyP ¼ day 11 postirradiation in 3.0 Gy proton exposed and control groups; 11DGP ¼ day 11 postirradiation in 3.0 Gy gamma and proton exposed groups. *0 ¼ gamma radiation, 1 ¼ proton radiation when performing OPLS analysis; positive and negative coefficients indicate up and downregulated metabolites, respectively.
a No difference between the two groups. b The concentrations of metabolites increase or decrease between the two groups. 
A metabolite is listed if it had statistical significance in at least one treatment group. D3GyG ¼ day 4 postirradiation in 3.0 Gy gamma-exposed and control groups; 11D3GyG ¼ day 11 postirradiation in 3.0 Gy gamma-exposed and control groups.
a No difference between control and exposed group. b Concentrations of metabolites increase or decrease between the two groups.
Gamma and proton radiation can induce metabolic disturbance in the highly radiosensitive organs and tissues, such as hematopoietic and gastrointestinal organs, in addition to liver (37) and affect gene expression (38) . The genes in DNA encode protein molecules that are the workhorses of all cells. Almost all enzymes, including those metabolizing nutrients and synthesizing new cellular constituents, are proteins. The metabolites are the end products or intermediates of cellular regulatory processes, where almost all biochemical reactions are catalyzed by enzymes. The liver is an important organ that plays a critical role in metabolism with multiple functions, in which a variety of the metabolic pathways exist. 4-hydroxyphenylacetate is an oxidative deaminated metabolite of tyramine under high oxidase activity (39) . A previously published study has shown a correlation between upregulated 4-hydroxyphenylacetate and oxidative stress (40) . Betaine, a derivative of choline, is produced in the organism from   FIG. 3 . The absolute concentrations of statistically significantly changed metabolites captured by OPLS models derived from the control and exposed groups include seven upregulated metabolite markers (panel A) and three downregulated metabolite markers (panel B). Statistical significance for each was calculated using Welch's t test between control (sham irradiated) and treated groups. *P , 0.05, **P , 0.01 and ***P , 0.001. The absolute concentration of each metabolite was obtained by normalizing the corresponding metabolite concentration obtained from 1 H NMR measurements to the unit weight (mg) of liver tissue before extraction.
choline and glycine, methyl groups that contribute to the conversion of homocysteine to methionine. As a methyl donor (41) , betaine participates in the methionine cycle, primarily in the liver and kidney (42) . Thus, betaine aids in liver function, detoxification and cellular functioning within the organism. Betaine protects the liver against hepatotoxins that damage the liver and enter the body through certain prescription medications (43) . Creatinine is a breakdown product of creatine, a molecule that is produced by the liver and of major importance for energy production in muscle metabolism. Since the muscles in the body are relatively constant from day to day, the production of creatinine normally remains essentially unchanged on a daily basis. As a chemical waste molecule, creatinine is transported through the bloodstream to the kidneys and filtered out and disposed in the urine. Therefore, when the kidneys become damaged, the creatinine level in the liver will rise due to poor clearance of creatinine by the kidneys. An abnormally high level of creatinine is thus a sign of possible kidney malfunction or failure. (44) Glucose 6-phosphate is very common in cells, since the vast majority of glucose entering a cell will become phosphorylated during glycolysis metabolism. In the liver, a specific enzyme, i.e., glucose 6-phosphatase, which hydrolyzes glucose 6-phosphate, yields glucose and leads to an increase in blood glucose concentration. (45) The elevated glucose 6-phosphate is the result of energy metabolism disturbed by irradiation. The liver-relevant glutamine synthesis and its role in glutamine metabolism are involved more with regulation than production, since the liver absorbs large amounts of glutamine derived from the gut (46) . Glutamine is metabolized through the citric acid cycle under persistent histanoxia, and glutamine contributes significantly to citrate carbons (47) . A previously published study showed that exposure to radiation resulted in the concurrent conversion of glucose to lactate and the oxidation of glutamine via the TCA cycle (48) . Glutathione is an important antioxidant in organisms capable of preventing damage to important cellular components caused by reactive oxygen species such as ionizing radiation (49) . While all cells in the mouse body are capable of synthesizing glutathione, it has been shown that liver glutathione synthesis is essential (50) . As an intermediate of citric acid cycle, malate plays an important role in organism, formed by the addition of an -OH group on the face of fumarate (51) or formed from pyruvate via anaplerotic reactions (52) . Choline is important in nerve transmission and acetylcholine is capable of storing labile methyl groups. The principal metabolic destiny of choline is by irreversible oxidation to betaine in the liver (53) . Choline is an essential nutrient and the liver is a central organ responsible for choline metabolism so its concentration reflects liver function (54) . O-phosphocholine is an intermediate in the synthesis of phosphatidylcholine in a reaction that is catalyzed by choline kinase and converts choline into O-phosphocholine, which has potential benefits for liver repair (55) . Trimethylamine N-oxide is a common metabolite in animals and a product of the oxidation of trimethylamine that is derived from choline (56). Trimethylamine N-oxide alters cholesterol metabolism in the liver, and in the presence of trimethylamine N-oxide, there is increased deposition of cholesterol and decreased removal of cholesterol from, peripheral cells such as those in the artery wall (57) . Based on these results from our metabolomics study and the metabolic fates described in the Small Molecule Pathway Database (58), we propose that the mouse liver metabolic pathways (see Fig. 4 ) are effected by ionizing radiation exposure.
CONCLUSION
We have shown that the combined use of 1 H NMR metabolomics on tissue extracts and multivariate data analysis (i.e., PCA and OPLS) are powerful tools for studying the effects of ionizing radiation in mouse liver. As many as 72 metabolites have been identified in the hydrophilic extracts of liver tissue. Both PCA and OPLS models showed that the treatment groups are well separated from the control groups, with better separation obtained by OPLS. The effects of 7.8 Gy gamma irradiation appeared early, at 4 days after whole-body irradiation using all of the 72 metabolites for statistical analysis. However, with the use of 72 metabolites, there was no statistically significant difference between the 3.0 Gy gamma-exposed and control groups at day 4 postirradiation. By filtering out seven metabolites with high variance, the 3.0 Gy gamma-exposed group at day 4 postirradiation was able to be statistically significantly separated from the control group. There were significant differences at day 11 postirradiation among the 3.0 Gy gamma and proton exposed groups, and a group of metabolites were identified to be responsible for the discrimination between the two groups. Both gamma and proton irradiation induce metabolic changes in mouse liver tissue, resulting in statistically significant downregulation of choline, O-phosphocholine and trimethylamine N-oxide, accompanied by elevation of glutamine, glutathione, malate, creatinine, phosphate, betaine and 4-hydroxyphenylacetate. These significantly changed metabolites are associated with multiple biological pathways and may be candidate biomarkers for ionizing radiation in liver. In particular, several metabolites may be considered as potential prediagnostic biomarkers in mouse liver based on the findings common to both gamma and proton radiation at various doses and times postirradiation, including 4-hydroxyphenylacetate, betaine, glutamine, choline and trimethylamine N-oxide.
